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Abstract
Background: Oncogenic mechanisms in small-cell lung cancer remain poorly understood leaving this tumor with
the worst prognosis among all lung cancers. Unlike other cancer types, sequencing genomic approaches have
been of limited success in small-cell lung cancer, i.e., no mutated oncogenes with potential driver characteristics
have emerged, as it is the case for activating mutations of epidermal growth factor receptor in non-small-cell lung
cancer. Differential gene expression analysis has also produced SCLC signatures with limited application, since they
are generally not robust across datasets. Nonetheless, additional genomic approaches are warranted, due to the
increasing availability of suitable small-cell lung cancer datasets. Gene co-expression network approaches are a
recent and promising avenue, since they have been successful in identifying gene modules that drive phenotypic
traits in several biological systems, including other cancer types.
Results: We derived an SCLC-specific classifier from weighted gene co-expression network analysis (WGCNA) of a
lung cancer dataset. The classifier, termed SCLC-specific hub network (SSHN), robustly separates SCLC from other
lung cancer types across multiple datasets and multiple platforms, including RNA-seq and shotgun proteomics. The
classifier was also conserved in SCLC cell lines. SSHN is enriched for co-expressed signaling network hubs strongly
associated with the SCLC phenotype. Twenty of these hubs are actionable kinases with oncogenic potential,
among which spleen tyrosine kinase (SYK) exhibits one of the highest overall statistical associations to SCLC. In
patient tissue microarrays and cell lines, SCLC can be separated into SYK-positive and -negative. SYK siRNA
decreases proliferation rate and increases cell death of SYK-positive SCLC cell lines, suggesting a role for SYK as an
oncogenic driver in a subset of SCLC.
Conclusions: SCLC treatment has thus far been limited to chemotherapy and radiation. Our WGCNA analysis
identifies SYK both as a candidate biomarker to stratify SCLC patients and as a potential therapeutic target. In
summary, WGCNA represents an alternative strategy to large scale sequencing for the identification of potential
oncogenic drivers, based on a systems view of signaling networks. This strategy is especially useful in cancer types
where no actionable mutations have emerged.
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Background
Small-cell lung cancer (SCLC) represent up to 15 % of
lung cancers and pose a major challenge as we are
unable to diagnose it early, its most aggressive clinical
behavior and the lack of lasting benefit from therapy.
Patients presenting with this neuroendocrine tumor of
the lung have a dismal 5% 5-year survival rate. Although
SCLC is highly sensitive to chemotherapy and radiation,
it invariably recurs with fatal widespread metastasis [1].
In contrast to non-small cell lung cancer (NSCLC), to
date no specific genetic biomarkers or molecular sub-
types have been identified in SCLC [2]. Gene expression
profiling has had limited success in SCLC stratification
for the purpose of personalized treatment. Although
recent advances in genomic analysis of SCLC have iden-
tified potential driver mutations in SCLC [3-5], there
remains an unmet need for approaches that can stratify
SCLC patients and/or uncover viable molecular targets
in SCLC.
To meet this challenge, we turned to weighted gene
co-expression gene network analysis (WGCNA), a
recently introduced bioinformatics method that captures
complex relationships between genes and phenotypes.
The distinct advantage over other methods, such as dif-
ferential gene expression, is that WGCNA transforms
gene expression data into functional modules of co-
expressed genes without any prior assumptions about
genes/phenotypes, providing insights into signaling net-
works that may be responsible for phenotypic traits of
interest [6-8]. In lung cancer, its potential remains
unexplored.
Our WGCNA analysis of a public lung tumor dataset [9]
revealed a module of co-expressed genes specific to SCLC.
After filtering, the SCLC-specific module was reduced to a
SCLC-specific hub network (SSHN) signature that classi-
fied SCLC from other lung cancer types in several public
and in-house tumor datasets (including independent high-
throughput screening techniques such as RNAseq and
shotgun proteomics), and in lung cancer cell lines. SSHN
was enriched for hubs in signaling networks known to be
associated with SCLC pathogenesis, including cell cycle,
oxidative stress response and DNA damage response. As a
proof of concept, we chose to validate oncogenic kinase
hubs (20 kinase genes) within SSHN, as they provide spe-
cial translational relevance as potential candidates for tar-
geted therapy and also play key roles in various hallmarks
of cancer. Among the twenty, spleen tyrosine kinase (SYK),
a previously undescribed target in SCLC, exhibited one of
the highest overall statistical associations with the SCLC
phenotype, based on WGCNA gene significance (GS, see
Methods) and overexpression in shotgun proteomics, and
was therefore selected for further validation as a target.
SYK has been previously investigated most extensively
in the context of lymphocyte development and as a
therapeutic target in hematologic malignancies. SYK
activation leads to several downstream events that
promote cell survival, including activation of phosphati-
dylinositol 3-kinase (PI3K) and AKT, and the phosphor-
ylation of multiple signaling proteins [10-12]. In B-cells,
it transduces tonic signaling by physical interaction with
the immunoreceptor tyrosine-based activation motif
(ITAM) of the B-cell antigen receptor (BCR) complex
[13], positively regulating survival and proliferation dur-
ing development and immune response. SYK is also
associated with the Fc receptor in B-cells, which instead
has opposite effects to the BCR [14,15]. The balance of
regulation on survival and proliferation downstream of
SYK is influenced by redox signaling: NADPH oxidase,
in close proximity to BCR, can produce peroxide that
inhibits phosphatase action on BCR-activated SYK, rein-
forcing tonic signaling [16]. Another important function
of SYK is response to oxidative stress where SYK gets
activated and promotes pro-survival pathways [17].
B-cells die in response to SYK knock-down and fail to
develop in SYK-deficient mice [15]. Together, these
observations have formed a rationale for SYK-targeted
therapy in hematological malignancies with small mole-
cule kinase inhibitors [12,18,19]. SYK has not been stu-
died in the context of lung neuroendocrine (NE) cells,
the SCLC cells of origin, whose oxygen sensing functions,
in analogy with BCR, rely on redox signaling [20].
To our knowledge, SYK has not been proposed before as
an oncogenic driver or candidate target in SCLC. Based on
our WGCNA results, we investigated this possibility. We
determined that 11 out of 33 SCLCs were SYK-positive by
immunostaining in patient tissue microarrays (TMAs).
Moreover, SYK knock-down reduced proliferation and
survival in SYK-positive SCLC lines. We propose that SYK
is an oncogenic driver in SCLC and that SYK expression
may be developed as a companion biomarker for SYK
targeted therapy.
Results
Identification of a SCLC-specific co-expression module
To identify a hierarchical network view of co-expressed
genes across lung cancer subtypes, we applied WGCNA
to a public dataset (GEO ID: GSE6044 - 33 untreated
patients) comprised of 5 normal, 9 adenocarcinoma
(ADC), 9 squamous cell carcinoma (SCC) and 9 SCLC
lung cancer tissue specimens [9]. An unsupervised corre-
lation similarity matrix was built based on pairwise corre-
lations between genes. Unsupervised average linkage
hierarchical clustering of all genes in this dataset resulted
into 13 modules (Figure 1A) labeled by color and each
comprised of mutually exclusive co-expressed genes.
Genes with no distinct module assignment are grouped
in a grey module by WGCNA. None of these modules
were identified using any pre-assigned phenotype or gene
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bias. To ensure that modules were not being detected by
chance, we simulated a random dataset containing same
number of samples and genes as our test dataset. Only
two modules were generated from the random dataset,
turquoise and grey (with the grey module containing the
vast majority of genes), indicating that WGCNA module
identification in our test dataset is in fact driven by mean-
ingful gene co-expression patterns (Additional file 1,
Figure S1).
Following the unsupervised module generation, indivi-
dual gene correlations to a specific phenotype (normal
lung, ADC, SCLC, SCC) were quantified by gene signifi-
cance (GS). The average GS of all genes within each
module is summarized in Figure 1B. This analysis
unveiled positive or negative correlation of certain mod-
ules with specific lung cancer subtypes, or normal lung.
The brown and purple modules appeared to be ADC spe-
cific, and included previously identified ADC markers
cytochrome B5 (CYB5A) or surfactant protein B, C and
D (SFTPB, SFTPC, SFTPD), respectively[21]. Yellow,
pink, orange and light cyan modules were SCC specific
and included involvulin (IVL), cytokeratin 14 (KRT14),
and galectin-7 (LGALS7) [21-23] (Additional file 2). The
green module contained genes positively correlated to
the normal lung phenotype and negatively correlated
with all tumor subtypes (SCLC, ADC, and SCC), making
it a “normal lung module” (Additional file 2).
The blue module was specific to SCLC (Figure 1).
Accordingly, it contained genes that have already been
associated with SCLC progression such as Achaete-scute
complex homolog 1 (ASCL1), Neural cell adhesion
molecule 1 (NCAM1/CD56), Thyroid transcription fac-
tor-1 (TTF-1) and Insulinoma associated-1 (INSM1)
[24,25] (Additional file 2).
Identification and validation of a SCLC-specific hub
network (SSHN) of co-expressed genes across genomic
and proteomic platforms
To identify and validate a network of co-expressed
genes that is specific to SCLC, we focused on the blue
module. The SCLC-specific blue module (1696 genes;
Figure 1) is comprised of co-expressed up-regulated
Figure 1 Identification of SCLC-specific modules using WGCNA. (A) In the hierarchical dendrogram, lower branches correspond to higher
co-expression (height = Euclidean distance). The 13 identified modules were coded by the colors indicated below the dendrogram. Below, red
and green lines indicate positive or negative correlations, respectively, with lung tumor types on the left. (B) Average ‘gene significance’ (GS) of
genes within a specific module summarized in the barplot for each lung tissue type (left to right: SCLC, SCC, ADC, and NL). The blue module is
associated solely with SCLC.
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genes across SCLC tumors. Each module is arranged in
the form of a hierarchical network (due to hierarchical
clustering used to obtain the modules, Figure 1A den-
drogram). Therefore, each module consists of a few
highly connected “hubs” (genes that have high intra-
modular connectivity kME) as well as many genes with
fewer connections. The rationale behind building hub-
based networks is to narrow down the list of relevant
candidates, based on the assumption that highly con-
nected hubs are more vulnerable targets to alter net-
work performance. This assumption has been successful
in several examples from biological networks in yeast
[26,27] and mammalian cells, including cancer [6,28].
Each module can be further filtered to identify the top
hubs relative to desired criteria using measures such as
intramodular connectivity (kME) and gene significance
(GS) [29]. We filtered the blue module genes to obtain
hubs that ranked high in each of the following criteria:
a) high positive correlation with SCLC phenotype given
by gene significance (GS.SCLC >0.5); b) high intramodu-
lar connectivity (blue module kME >0.5); and c) high
T-test statistic (overexpression in SCLC versus normal
lung > 5) and a p-value less than 0.01. This filtering
approach produced 287 hub genes, which are not only
overexpressed in SCLC, but also highly connected
within SCLC. We refer to this network of 287 hubs as
SCLC-specific hub network (SSHN) (Additional file 3).
To validate the robustness of SSHN as a SCLC-specific
classifier, it was first applied by unsupervised hierarchical
clustering bootstrap analysis to patient samples in a test
public dataset (GSE6044) from which the blue module
was derived. The SSHN classified SCLC away from every
other lung tumor subtype (ADC and SCC) and normal
lung, the area under ROC curve (AUC) was 0.87 with 95%
confidence interval (CI) of [0.72, 1] (Figure 2A). The per-
formance of the SSHN classifier was reproducible in both
an independent validation patient dataset of 163 tumors
(GSE11969) [30] generated in a different array platform
(Agilent) (AUC of 1) (Additional file 1, Figure S2A), as
well as in our own microarray dataset containing 23 SCC
and 10 SCLC samples (AUC of 0.94 with 95% CI of [0.85,
1])(Additional file 1, Figure S2B). In the GSE11969 dataset,
the SSHN also proved to be an excellent classifier for dis-
tinguishing SCLC from large cell carcinoma (LCC) sub-
type (Additional file 1, Figure S2A). Interestingly, large cell
neuroendocrine carcinomas (LCNC), another high-grade
neuroendocrine tumor (NET) of the lung, co-clustered
with SCLC, confirming similarities between the 2 tumor
types as reported previously [31]. On all the three patient
datasets, the SSHN genes are highly predictive of SCLC
against other tissue types with statistically significant
p-values less than 0.0001.
To further validate the SSHN as a classifier, we used
next-generation sequencing to produce genome-wide
RNA-seq data on an independent set of tissues includ-
ing 10 SCLCs, 5 SCCs, and 5 normal lung tissue speci-
mens. We detected overexpression of 206 genes out of
287 SSHN genes that differentiate SCLC (71.8%) from
normal lung alone (at 5% FDR) while 106 genes out of
287 SSHN genes differentiate SCLC (71.8%) from nor-
mal lung and SQCC (at 5% FDR) (Additional file 3),
indicating that SSHN is a robust classifier in another
data type (RNA-seq).
Finally, the SSHN gene expression classifier was
further validated at the protein level in yet another in-
house, independent set of formalin fixed paraffin
embedded patient tissue samples analyzed by shotgun
proteomics and comprised of 5 samples each of SCLC,
SCC, ADC and age- and smoking history-matched nor-
mal lung tissues specimens, pooled by histologic type.
Out of 287 SSHN genes, 141 gene products were
detected at the proteomic level and also classified the
SCLCs apart from the other tissues (Figure 2B). To our
knowledge, this is a first report of an entire SCLC geno-
mic signature validated at the proteomic level.
In each of the 4 datasets, there were 1-2 specimens that
did not segregate with the SSHN-defined SCLC cluster,
but were clinically diagnosed as SCLC (Figure 2A; Addi-
tional file 1, Figure S2). This could be due to mis-diagnosis
as is fairly common in SCLC due to mixed SCLC-NSCLC
histology [32], or possibly a small subset of patients whose
tumors have different biology. Overall, we conclude that
the SSHN is a robust molecular classifier to distinguish
SCLC from other lung tumor types and normal lung
across multiple gene and protein expression platforms.
Biological insights from the SSHN: Network enrichment
analysis and target identification
To gain biological insights in SCLC biology, the SSHN
component genes were further categorized into functional
pathways based on the assumption that they are co-upre-
gulated because of shared cellular functions. Analysis of
SSHN by Webgestalt [33] revealed that SSHN is enriched
for functional pathways summarized in Additional files 4
and 5 and Figure S3 in Additional file 1, and include cell
cycle and checkpoint response (total of 25 genes), cellular
stress response (41 genes of which 21 genes related to oxi-
dative stress), and DNA damage response and repair path-
ways. All p-values were adjusted for multiple comparisons
in Webgestalt and therefore effectively rank the signifi-
cance of these functional pathways in SCLC phenotype.
As a proof-of-concept that connected hubs identified
by WGCNA are of biological relevance, we further
refined the pathway analysis by focusing on kinases,
since these tend to be of the greatest translational value.
There were 20 kinases contained in the SSHN (Addi-
tional file 6), all worth investigating in the context of
SCLC. However, shotgun proteomics data (available for
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4 kinases, Additional file 6) indicated that SYK is
strongly overexpressed within the SCLC phenotype
compared to normal tissue (high “SCLC vs. Bronchial
epithelium Rate ratio” and “SCLC vs. Alveolar epithe-
lium Rate ratio”, column J and M in Additional file 6,
respectively). SYK is an oncogenic non-receptor tyrosine
kinase involved in hematologic malignancies [12,18,19].
Another oncogene, the SRC-family kinase FYN, was also
part of this SSHN kinase set. SYK is an intracellular sig-
nal transducer downstream of growth factor/T-cell/B-
cell receptors well known to work in concert with SRC-
family kinases [15]. Specific overexpression of SYK and
FYN in SCLC, compared to other lung tumor types, has
not been previously reported, to the best of our
Figure 2 Validation of SSHN as a robust classifier for SCLC in two independent datasets from (A) high-throughput gene expression
and (B) shotgun proteomic analysis. (A) Unsupervised clustering heatmap based on 287 SSHN genes (rows) of lung cancer patients (columns)
in GSE6044 dataset [9]. Red and green indicate high and low expression, respectively. The majority of SCLCs cluster by themselves on the far left
of the dendrogram. Two SCLC specimens are excluded from this cluster, a trend to be investigated in more depth if confirmed in larger datasets
(see Discussion). (B) SSHN-based unsupervised clustering heatmap of an in-house generated shotgun proteomic dataset comprised of control
alveolar and bronchial epithelium, ADC, SCC and SCLC tissue specimens (for each tissue type, specimens from multiple patients, five in this case,
were pooled as it is customary for shotgun proteomic analysis). Red and green as denoted in (A). Analysis is limited to 141 out of 287 SSHN
proteins (rows), since the remainder proteins were not detect by shotgun proteomics. The 3 tumor specimens segregate together from normal
tissue. Within the 3 tumor specimens, ADC and SCC are more similar to each other than to SCLC.
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knowledge (Figure 3). Together, these clues prompted
us to select SYK and FYN for further investigation in
the context of SCLC tumors.
To verify co-expression at the protein level, we immunos-
tained for SYK and FYN in a panel of SCLCs assembled in
tissue microarrays (TMAs). All specimens were tested in
duplicate, and the expression of SYK and FYN consistently
co-varied (Figure 4A), with a correlation of 0.28 across
SCLC specimens. Clustering analysis of the staining scores
of SYK/FYN expression separated the TMA specimens
into 2 groups, SYK/FYN-positive and -negative tumors
(Figure 4B).
Preservation of SSHN and differential SYK/FYN expression
in SCLC cell lines
SYK and FYN are attractive candidates for targeted ther-
apy [34,35]. To test their functional relevance in SCLC, we
turned to SCLC cultured cell lines. The SSHN classifier
was conserved in a large panel of lung cell lines [36]. As
indicated by clustering analysis (Figure 5A), 21 out of 23
SCLC cell lines separated nicely from the other 36 lung
cancer cell lines tested (AUC of 0.97 with 95% CI of [0.94,
1]). Note that 2 SCLC cell lines did not follow this pattern,
an observation mirrored in tumor specimens (Figure 2;
Additional file 1, Figure S2) that warrants further studies.
We investigated co-expression of SYK and FYN in SCLC
cell lines by western blotting of whole-cell lysates with
appropriate antibodies (Figure 5B). Similar to our protein
expression shown by immunostaining of our TMAs, SYK
and FYN exhibited a trend to co-vary in SCLC cell lines
(Figure 5B), opening an avenue to biochemical analyses of
the functional value of this differential expression. Note
that SYK has two splice-variant isoforms - long (L or
p72SYK) and short (S or B) that lacks 23 amino acids [37].
The SYK positive cell lines overexpress SYK (L) form while
other cell lines express low or no SYK (S) (Figure 5B).
Inhibiting SCLC cell line viability by SYK knock-down
To assess the validity of SYK and/or FYN as targets in
SCLC, we down-regulated the expression of these
proteins using siRNA in the H69 and H146 cell lines
(Figure 5B). siRNA induced 80-90 percent reduction in
total protein expression for each of these molecules in
both H69 and H146 (Figure 6A and 6D; Additional
file 1, Figure S5A and D). We assessed viability with
automated microscopy, imaging-based methods (Live-
dead assay, see Methods; images and segmentation for
obtaining cell counts shown in Additional file 1, Figure
S4). SYK knock-down caused a significant decrease in
proliferation rates compared to scrambled control in
both H69 and H146 (Figure 6B and 6E), while FYN
knock-down showed little effect (Additional file 1, Fig-
ure S5B and E). The decrease in proliferation was in
part due to a loss of cell viability, as indicated by
increased cell death by Day 5 in SYK knock-down cells
assessed by ethidium homodimer positivity (Figure 6C
and 6F; Additional file 1, Figure S5C and F). Together,
these data suggest that SYK is a candidate therapeutic
in SYK/FYN-expressing SCLCs.
Discussion
We report several findings of immediate translational
value for SCLC: 1) derivation of an SCLC-specific hub
network (SSHN) that classifies SCLC from other lung
Figure 3 Co-expression of 2 SSHN kinases FYN and SYK in SCLC patients. Log2 expression values are indicated in the boxplots for each
individual hub within SSHN across various patient lung tissues from the GSE6044 test dataset [9]. The outliers are denoted by dots. P-value
shows statistical significance by Kruskal-Wallis nonparametric test [81]. FYN and SYK are co-overexpressed in SCLC patients versus NSCLC (ADC,
SCC) and normal lung.
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cancers, including the closely related neuroendocrine
tumors; 2) validation of the SSHN classifier across many
data types, including expression microarrays from multi-
ple platforms, RNAseq and shotgun proteomics; 3) co-
varied expression of 2 oncogenes, SYK and FYN, in a
subset of SCLC tumors and cell lines; and 4) identifica-
tion of SYK as a candidate biomarker and therapeutic
target for SCLC.
Figure 4 Co-expression of SYK and FYN in a subset of SCLC tumors. Contiguous sections of TMAs from 39 SCLC patient specimens were
stained with antibodies to SYK and FYN, respectively. Stained sections were scored by a pathologist as described in Methods. (A) Representative
stained sections showing positive (upper) or negative (lower) results. See text for additional details. Tumor spot images were captured by
brightfield microscopy at 20X magnification. (B) Unsupervised hierarchical clustering heatmap of SYK and FYN immunostaining intensity scores
across SCLC patients distinguished positive from negative tumors as described in Methods. Red and green indicate high and low expression,
respectively. Specimens that are positive for both SYK and FYN segregate in one cluster, on the right. Patient ID shown below the heatmap.
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The increasing availability of large gene expression can-
cer datasets presents unprecedented opportunities for
translational advances. Challenges in data analytics, how-
ever, must be met. For instance, the predominant metric
of differential gene expression is silent on disease rele-
vance of identified gene products, since it provides no
measure of their functional relatedness [38], and its result-
ing signatures do not replicate well across datasets [7,39].
The number of potential therapeutic targets (e.g., ranked
by differential expression scores) is large and expanding,
but target prioritization is hampered by lack of functional
insight. In contrast, analyses based on gene co-expression
algorithms perform well across data types [7] and inspire
working hypotheses since their results resemble hierarchi-
cal signaling networks. Accordingly, the SCLC-specific
co-expressed gene classifier network SSHN we report here
is robust across datasets encompassing different types
of lung cancer (Figure 2; Additional file 1, Figure S2;
Additional file 2). In particular, despite being derived from
gene expression microarray data, the SSHN performed
well on proteomic lung cancer specimens. Note that each
of the datasets tested were obtained from independent
SCLC patient cohorts. To our knowledge, this is the first
report of signature preservation on a shotgun proteomic
SCLC dataset. Other co-expression based approaches have
also been successfully applied in other cancers such as
breast cancer [7].
Neuroendocrine lung tumors, to which SCLC belong, are
sometimes difficult to sort out based solely on the current
World Health Organization (WHO) criteria of morphology
and mitotic rate, warranting searches for additional bio-
markers [32,40,41]. The SSHN signature begins to address
this need, e.g., distinguishing SCLC that stain negative for
neuroendocrine markers such as synaptophysin and chro-
mogranin A (~25%) [25,32] from NSCLC, and mixed
SCLC-NSCLC from NSCLC. However, because of the very
Figure 5 SSHN is preserved in SCLC cell lines. (A) Unsupervised clustering heatmap based on SSHN genes (rows) of lung cancer cell lines
(columns) in GSE4824 dataset [36]. Red and green colors in rows of the heatmap indicate high and low expression respectively. This analysis
shows SSHN conservation across SCLC cell lines. (B) Representative western blot of SYK and FYN in various lung cancer cell lines. FYN and SYK
are selectively overexpressed in SCLC cell lines. Within the SCLC cell lines, the red and green bars indicate FYN/SYK-positive and -negative SCLC
cell lines, respectively. Arrows point to bands corresponding to the expected molecular weight for SYK and FYN. The dotted arrow indicate the
position of a shorter form of SYK protein (SYKB or S) that lacks 23 amino acids [37].
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small number of LCNEC samples studied by gene expres-
sion analysis, we cannot exclude the possibility that other
LCNEC tumors would co-cluster with SCLC. In addition,
due to the lack of larger SCLC datasets and the limited
clinical information on the available SCLC datasets, careful
validation of our results, including outcome associations, is
definitely warranted.
While SSHN as a whole is an effective SCLC classifier,
its individual component genes (or gene products) may
or may not be expressed in a particular tumor. This is
not at all surprising, due to the expected inter-tumor
heterogeneity within a particular histological type [32].
Our data suggest that within the SCLC cluster defined by
SSHN, a further subdivision between SYK/FYN-positive
and -negative may be informative. A few specimens
classified as SCLC by pathological and clinical criteria,
did not cluster with SSHN-defined SCLC (Figure 2A;
Additional file 1, Figure S2). Whether these are misdiag-
nosed or represent disease heterogeneity or different
stage of tumor progression remains to be tested.
Receptor and non-receptor tyrosine and serine-threo-
nine kinases are effective actionable targets in cancer.
SSHN contains twenty kinases and growth factor recep-
tors, including TTK, TLK2, NEK2, CDK4, FYN, PLCG1,
SYK (Additional file 6). None of these were previously
reported in SCLC; thus, prioritization strategies are called
for. The kinases SYK and FYN stand out as potential
SCLC targets for several reasons. Besides being tightly
associated with the SCLC phenotype, they are already pro-
ven as candidate targets in other cancers, such as CML
[10,42], AML [12], retinoblastoma [43], glioblastoma [44]
and prostate cancer [45,46]. They also activate Focal adhe-
sion kinase (FAK) [47,48], previously shown by our group
to be amplified, overexpressed and constitutively activated
Figure 6 Effect of Syk knock-down in Syk/Fyn positive SCLC cell lines. The SCLC cell lines H146 (A-C) and H69 (D-F) were treated with
Syk-specific and control siRNA as described in Materials and Methods section. (A, D) The efficiency of inhibition was measured by Western
blotting on day 3 and 7 post transfection. Syk resolves as two bands, of which the lower is a less-functional splice variant that lacks 23 amino
acids [37]. Band intensity (lower panels) was quantified by densitometry in ImageJ (http://rsbweb.nih.gov/ij/). (B, E) Cell proliferation, measured by
cell counts as described in Materials and Methods section, shows that Syk-siRNA treatment induces statistically significant growth inhibition
compared to untreated cells and to scrambled siRNA treatment. Asterisks denote overall statistical significance of slope as compared to control
across the siRNA conditions, as follows: <0.0005 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’. The viability growth curves (from N = 4 experiments) statistics were
generated from slopes of a linear regression model. Multiple comparison of treatments were derived using ANOVA and Tukey’s method [80].
(C and F) Percentage of dead cells (percent of ethidium homodimer positive cells normalized to total cell counts, see Materials and Methods) is
significantly higher (H69 p-value < 2.2e-16; H146 p-value < 2.2e-16) in Syk siRNA treated cells at day 5, compared to controls. Asterisks denote
statistical significance measured by paired t-test as compared to control across the siRNA conditions, as follows: <0.0005 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’.
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in SCLC [49,50]. They play key roles in anchorage inde-
pendence, survival and oxidative stress response by acti-
vating multiple downstream pathways including AKT and
ERK kinases [15,35].
We found that SYK knock-down significantly decreased
viability and growth rates in SYK/FYN-positive SCLC via
increased cell death (Figure 6), suggesting that SYK plays
an oncogenic driver role and that inhibitors could poten-
tially be used in SYK-positive SCLC, alone or in combina-
tion with chemotherapy. Increased cell death was also
observed in AML via knock-down of SYK [12]. Further
studies are needed to discriminate between overexpression
versus activation of SYK in SCLC.
Our findings unveil an unsuspected link between
SCLC and the biology of B-cell leukemias/lymphomas
that is worth exploring. The role of SYK in B-cell recep-
tor (BCR) initiated tonic signaling both in normal
B-cells and lymphomas is well established [14,15]. Tonic
signaling promotes proliferation and survival of B-cells.
Mice lacking SYK exhibit profound B-cell development
deficits, and die embryonically from severe hemorrhages,
also pointing to indispensable SYK signaling in cell types
other than B-cells [51]. Targeted SYK therapy has been
advocated in various types of B-cell lymphomas, and
specific inhibitors for its kinase activity are already
approved such as R406, fostamatinib [14,18,19,34],
opening avenues for testing targeted treatment in SCLC.
SYK signaling in NE (and possibly SCLC) may be asso-
ciated with oxygen sensing [20], but SYK-associated
receptor(s) in NE or SCLC cells remain to be defined.
There are several reports of tumor suppressor functions
for SYK in several solid tumor types, including breast can-
cer [52], gastric cancer, and melanoma [53]. Additional
data are needed to reconcile these seemingly conflicting
roles of SYK as oncogene or tumor suppressor. In this
regard, it is worth noting that in B-cells effects of SYK on
survival and proliferation are modulated by associated
SRC-family kinase members [13]. Differential interactions
of SYK with such kinases in a tumor-specific manner are a
possible explanation for the dual role of SYK as a tumor
suppressor in some cancers [52,53], and an oncogene in
hematologic malignancies [10,12] and SCLC. Therefore,
an immediate priority is to determine the type of receptor
SYK is associated with in SCLC, and its possible regulation
by SRC-family kinases such as FYN (see below).
In agreement with our results, in the Cancer Cell Line
Encyclopedia [54], 35 out of 49 SCLC cell lines tested
overexpress SYK (> 2 fold of the median centered intensity
values). In another recent large dataset 33 of 53 SCLC cell
lines overexpress SYK [55]. We confined our experimenta-
tion to SCLC cultured cell lines and knock-down of SYK
expression. While our data are encouraging, future studies
should address applicability to spontaneous [56] or human
xenotransplant mouse models of SCLC [57]. Furthermore,
it remains to be seen whether inhibition of SYK-kinase
activity, in addition to expression, elicits a death response
in SCLC.
It is worth noting that to date no SYK mutations have
been reported in any tumor type. SYK gene fusions or
translocations have been reported in hematologic malig-
nancies, in which a driver function for overexpressed
SYK has also been postulated [15,58,59]. On the other
hand, SYK negative tumors have hypermethylation and
loss of function of the SYK gene [60]. Thus, the biology
of SYK-positive SCLC tumors may be potentially distinct
from SYK-negative SCLC tumors, with differences due to
stages of progression, or divergence of transforming
mechanisms.
SYK signaling functions are mediated in concert with
SRC-family kinases [15]. This subject is not fully under-
stood and, in particular it is not clear to what extent var-
ious SRC-family kinases are interchangeable in this role
within a given cell type. It is perhaps not coincidental that
a SRC-family kinase, FYN, was identified in the blue mod-
ule by WGCNA and that a strong co-expression correla-
tion was found in SCLC TMAs and cell lines (Figure 4
and 5). Byers.et.al also reported activation of SRC-family
kinases in SCLC assessed via reverse phase protein arrays
(RPPA) [61]. On the other hand, FYN kinase inhibition
had no effect on SCLC cell line survival (Additional file 1,
Figure S6). Clarifying the SYK-FYN signaling connection
in SCLC, and the possible redundancy of SRC-family
kinases may open avenues to productively deploy inhibi-
tory combination of SYK and FYN targeted therapy.
In the TMA patient dataset, we detected 2 groups of
SCLC based on SYK/FYN expression alone (Figure 4A
and 4B). Admittedly, this dataset is too small to reach
conclusions, highlighting the need for larger patient
populations. Nonetheless, our observations raise the pos-
sibility of distinct treatment strategies in SYK-positive
SCLC tumors, by analogy to lung tumors overexpressing
EGFR, or HER2+ breast cancers, whose response to tar-
geted therapy dramatically improves the outcome [62,63].
Here we have implemented an alternative strategy to
large scale sequencing, based on a systems view of signaling
networks provided by gene co-expression analysis. We
respectfully submit that this approach can provide useful
translational insights in the biology of specific cancer types.
Conclusions
We have identified a robust co-expression network based
signature (SSHN) for SCLC tumors on three independent
platforms (microarrays, RNAseq and shotgun proteo-
mics). This signature was also conserved in SCLC cell
lines. Within this SSHN network, we found twenty targe-
table kinases that were overexpressed in most, if not all
of these platforms. Two tyrosine kinases SYK and FYN
were overexpressed significantly in SCLC patients and
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cell lines by several independent bioinformatics and
experimental methods, and distinguished between two
potential groups of patients - SYK/FYN positive and
negative. The SYK/FYN positive SCLC cell lines exhib-
ited significant loss of viability and increased cell death in
response to SYK siRNA, providing evidence for SYK as a
novel oncogenic driver for SCLC. All SCLC patients get
treated with combination chemotherapy (cisplatin, etopo-
side) without distinction. Our work suggests that stratify-
ing patients with respect to SYK/FYN expression may
open avenues to personalized medicine in SCLC, given
that SYK small-molecule inhibitors are already in clinical
trials for other disease conditions. Future work will have
to determine whether in fact SYK may represent a poten-
tial actionable target in SCLC, by itself or in combination
with chemo or radiation therapy.
Methods
Cell lines and reagents
All normal, NSCLC and SCLC cell lines were purchased
from ATCC (http://www.atcc.org). All lung cancer cell
lines were grown in RPMI containing 10% fetal bovine
serum (GIBCO®) as recommended by ATCC with the
exception of HBECKT (Keratinocyte serum free media).
SYK, FYN and beta-Actin (Sigma-Aldrich®) antibodies
were used for western blotting and IHC.
Microarray data normalization
Public datasets on the Affymetrix platform (GSE6044)
[9], GSE4824 [36]) were downloaded from GEO [64] as
CEL files, normalized and median centered using quan-
tile RMA normalization using Affy Bioconductor pack-
age [65] in R [66]. Agilent datasets, GSE11969 [30] and
our own Agilent dataset, were Lowess-normalized and
median centered using GeneSpring [67].
Network analysis
Probe-level data for all the datasets was converted to gene-
level data by probe merging using the collapseRows func-
tion [68]. Probes with no known gene symbols were
removed from further analyses to reduce the dimensional-
ity of the dataset. The co-expression network analysis was
performed in R using the WGCNA package as previously
described [6,8]. Briefly, all genes in the training dataset
(GSE6044) were used to build unsupervised co-expression
based similarity matrix using Pearson’s correlation coeffi-
cient. The similarity matrix was converted to a weighted
adjacency matrix by raising it to a power b (b = 6) to
amplify the strong connections and penalize the weaker
connections [29]. Modules were generated using unsuper-
vised average-linked hierarchical clustering with a cut-off
of 0.9. This cut-off was chosen to minimize a large num-
ber of modules with very few genes, that is, less than 20
modules containing at least 100 genes. Each module is a
hierarchical gene network. Gene significance (GS): defined
as GSi = |cor(xi, T)|, indicates correlation of a xi node
expression profile to a phenotypic trait T, a binary trait
variable across m samples [29]. In this case, phenotypic
trait is lung tissue type - ADC, SCC, SCLC, and NL.
Network hubs are defined as highly connected genes
within a network, having high intramodular connectivity.
Intramodular connectivity is a measure of module eigen-
gene-based connectivity (kME) (or module membership),
defined as Kcor,i
(q) = cor(xi, E
(q)), where E(q) is the module
eigengene or 1st principal component of module q. Mod-
ule hubs that have high GS are hubs that are significantly
correlated to a phenotypic trait [29], in our case, SCLC
phenotype. To filter hubs significantly correlated to SCLC
phenotype and identify a SCLC specific hub network
(SSHN), we used high values of GS, kME and differential
expression (SCLC vs normal lung NL). To classify SCLC
from other lung cancer types, unsupervised clustering of
the SSHN genes was performed by bootstrapping analysis
using pvclust package [69]. Bootstrapping analysis pro-
vides confidence values for the stability of each cluster
derived by hierarchical clustering, via resampling of the
data. Heatmaps were generated using the gplots package
[70]. For classification performance estimation, we used
nested repeated 5-fold cross-validation procedure [71].
The inner loop of cross-validation was used to determine
the best parameters of the classifier (i.e., values of para-
meters yielding the best classification performance for the
validation dataset). The outer loop of cross-validation was
used for estimating the classification performance of the
model that was built using the previously found best para-
meters by testing with an independent set of samples. To
account for variance in performance estimation, we
repeated this entire process (nested 5-fold cross-valida-
tion) for 10 different splits of the data into 5 cross-valida-
tion testing sets and averaged the results. Linear support
vector machine is used as the classifier in our analysis, and
the error penalty parameter was selected based on the
nested cross-validation procedure.
Pathway analysis
Functional enrichment analysis of the SCLC hub net-
work (SSHN) was performed using Webgestalt [33].
This tool statistically compares the enrichment of SSHN
genes with pathways contained in various databases
such as Gene Ontology (GO), Kyoto Encyclopedia of
Genes and Genomes (KEGG). Functional category
enrichment in Webgestalt was tested by the hypergeo-
metric test and multiple comparison corrections were
made using Benjamini & Hochberg method [33,72].
RNAseq data generation and analysis
Tissue samples (20 samples: 10 with SCLC, 5 with SCC,
and 5 normal bronchial brushings) were collected from
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the Vanderbilt University Medical Center and the
University of Liverpool Hospital. Research protocols
were approved by both institutions’ Institutional Review
Board. Total RNA was extracted from fresh frozen
tumors and bronchial brushings by the RNeasy Kit
(Qiagen, CA USA) according to the manufacturer’s
protocol. Whole transcriptome analysis (RNA-seq) was
carried out by next-generation sequencing using Illu-
mina platform in the lab of Vanderbilt Genome Sciences
Resource. Next-generation sequencing methodology has
been applied to sequence RNA from 20 tissue samples.
Due to staged sequencing of samples, two technologies
have been utilized: Illumina GAIIX and Illumina Hi-Seq.
Sequencing runs from Illumina GAIIX (for 11 samples)
were produced with 43bp reads and data was prepro-
cessed using CASAVA 1.7 software. Sequencing runs
from Illumina Hi-Seq (for 9 samples) were produced
with 51bp reads and data was preprocessed with
CASAVA 1.8 software. To make data from two plat-
forms comparable, we have trimmed the last 8bp on
each Illumina Hi-Seq read. Using 20 FASTQ data files
(after Illumina Pass Filtering) with 43bp reads, we per-
formed alignment using TopHat (v1.4.1), Bowtie
(v0.12.7.0), and Samtools (v0.1.18) software. We experi-
mented with two alignment approaches: with two seeds
of 21bp and with one seed of 25bp. Since both align-
ment approaches led to very similar results (in terms of
number and percentage of pass filter aligned reads and
gene correlations with phenotypes in Fragments Per
Kilobase of transcript per Million (FPKM) mapped reads
data), we decided to use alignment with one seed of
25bp. Given aligned data, we computed gene expression
FPKM (fragments per kilobase of exon per million frag-
ments mapped) values using Cufflinks (v1.3.0) software
and performed additional upper quintile normalization
of Cufflinks. Using the resulting normalized gene
expression dataset, we have assessed whether 287 SSHN
genes are associated with SCLC vs. normal OR SCLC
vs. SCC brushings by a two-sample t-test at 5% alpha
level adjusted for multiple comparisons using the
method [61].
Shotgun Proteomics
Shotgun proteomic analysis was performed from archi-
val formalin fixed paraffin embedded tissues for pools of
5 ADC, 5 SCC, 5 SCLC as well as 5 non-cancerous
alveolar lung and 5 bronchial epithelium tissue using
our previously published methods [73]. Briefly, following
deparaffinization with Sub-X, rehydration with ethanol-
water, and protein solubilization in ammonium bicarbo-
nate and trifluoroethanol, proteins were reduced, alky-
lated and digested overnight with trypsin. Tryptic
peptides were separated by isoelectric focusing using
ZOOM IPGRunner IEF strips (Invitrogen) with an
immobilized pH gradient of 3.5-4.7 [74]. LC-MS/MS
analyses were performed on an LTQ-XL mass spectro-
meter (Thermo Fisher Scientific, San Jose, CA) equipped
with an Eksigent nanoLC 1D plus pump and Eksigent
autosampler (Dublin, CA) as described previously [73].
MS/MS spectra were processed for protein identifica-
tions using a data analysis pipeline described previously
[75-77]. False positive peptide-spectrum matches were
estimated by reversed database search [5] and held at
5%. Further filtering to require at least one identified
spectrum per sample across all analyses maintained a
protein false discovery rate (FDR) [72] below 5%. To
compare protein expression differences between differ-
ent histology groups (for example, SCLC vs. Normal),
we applied our quasi-likelihood model and analysis soft-
ware QuasiTel to analyze spectral count data [78]. The
quasi-likelihood model, with no restriction on the distri-
bution assumptions, is appropriate for modeling count
data with overdispersion and/or underdispersion issue
that is frequently observed in spectral count data. Multi-
ple comparison adjusted p values (quasi-FDR) were cal-
culated by incorporating the FDR method described
previously [72].
Tissue microarray immunostaining and analysis
Two TMAs of SCLC specimens were prepared from for-
malin-fixed paraffin-embedded (FFPE) tissue blocks fol-
lowing previously reported methods [40]. Pathology
blocks were retrieved from the archives of the Depart-
ment of Pathology at Vanderbilt University Medical
Center, Nashville VA Medical Center and St-Thomas
Hospital in Nashville, Tennessee. They were obtained
between 1996 and 2008 from 85 patients who had sur-
gery or bronchoscopy prior to medical treatment. SCLC
diagnosis was confirmed on hematoxylin and eosin-
stained sections by an experienced lung cancer patholo-
gist (RE). The study was approved by Institutional
Review Boards at each medical center. The Syk/Fyn IHC
was examined in two to five spots for each TMA. The
intensity of staining was scored as 0-no staining,
1-weak, 2-moderate, and 3-strong and the percentage of
area stained was also measured. The IHC score was
determined by multiplying intensity score to the percen-
tage area stained. The highest score among the spots
was used for the unsupervised clustering analysis of
Syk/Fyn expression. Tumor images were captured by
brighfield microscopy using the Leica SCN400 system
(Leica Biosystems®) at 20X magnification.
Western blot
All cell lines were plated for 2 days in complete medium
to achieve equilibrium in signaling states. Lysates were
prepared by spinning cells down at 4°C, aspirating the
media, and adding M-PER lysis buffer (Pierce®) containing
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1X phosphatase inhibitors 2 and 3 and protease inhibitor
(Sigma-Aldrich®). Lysates were incubated for five minutes
at room temperature, vortexed for 30secs and centrifuged
at 15000 rpm for 15mins (at 4°C). The protein concentra-
tion was quantified using BCA assay (Pierce®) and 30ug of
protein was loaded onto 8% Bis-tris gels (Bio-Rad®). Blots
were imaged using chemiluminescence or Odyssey. The
band intensities were quantified using ImageJ and plotted
in R (http://www.r-project.org). For siRNA experiments,
400,000 cells were transfected using Dharmafect 4 trans-
fection reagent and siRNA (Dharmacon®) in 6-well plates.
Cells were incubated for either 3 or 7 days followed by
lysate preparation and western blotting process as detailed
above.
Viability assay
10000 cells (of H69 or H146) were plated in 100ul of
complete medium (RPMI 1640 containing 10% Fetal
bovine serum) in a 96-well plate with Dharmafect 4 and
siRNA mixture. The reagent dilutions and transfection
procedures were performed as per the manufacturer’s
protocol. Cells were incubated at 37°C until each time-
point. At each timepoint, cells were transferred to a BD
Falcon 96-well black clear bottom imaging plate and
live-dead viability dyes (calcein - live cells; ethidium
homodimer - dead cells) and hoescht 33342 for total
nuclei (Invitrogen®) were added in complete medium.
The cells were incubated with the dyes for 15mins at
37°C followed by imaging using the Cellavista high-
throughput imaging microscope (SynenTec, Elmshorn,
Germany). The Roche cell viability protocol was used to
image and quantify the cells in 3 colors as per manufac-
turer’s instructions. The output generated from this
algorithm included total cell number, viable cell count,
percent live/dead cells, etc. The data plotting and statis-
tics were done using R [66]. The viability growth curves
statistics were generated using a linear regression
growth model [79]. Multiple comparison of treatments
were derived using ANOVA and Tukey’s method
[79,80]. The p-values for percent dead at day 5 were
generated using a paired t-test, pairing across, N = 4,
experimental replicates.
Additional material
Additional file 1: This file includes the following supplementary
figures 1-5. Figure S1: Absence of modules/clusters in a control
WGCNA analysis of a simulated random dataset. 1000 random
datasets were simulated in R to mirror the test dataset GSE6044 (8500
genes, 33 samples)[9], and was subjected to the exact analysis. (A) A
representative dendrogram is shown (each line is a gene). Essentially all
genes merged into the grey module, which is reserved by WGCNA to
genes not assigned to any module. (B) Shows the number of random
simulated datasets from the N = 1000 that detected a certain number of
modules. The overall p-value for this simulation analysis is less than
0.001, which is highly significant, indicating that our 13 modules
detected in GSE6044 are meaningful and relevant to the biology of these
tumors. Figure S2: SSHN as a reproducible classifier in GSE11969
and in-house Agilent datasets. Unsupervised clustering heatmap based
on SSHN genes (rows) of (A) 163 lung cancer patients (columns) in
GSE11969 dataset [30], and (B) our own Agilent microarray dataset
containing 23 SCC and 10 SCLC samples. Red and green colors in rows
of the heatmap indicate high and low expression respectively. LCC- large
cell lung carcinoma, LCNEC- large cell neuroendocrine carcinoma. Figure
S3: mRNA expression of SSHN genes for the top representative
canonical pathways from network enrichment analysis. Functional
enrichment analysis was carried out using Webgestalt [33]. Boxplots of
mRNA expression of representative SSHN hubs functioning in various
pathways (A) Cell cycle checkpoint control and DNA replication; (B) DNA
damage response and repair; (C) Wnt and Notch signaling pathways (D)
Amino acid metabolism pathways. The outliers are denoted by dots. P-
value shows statistical significance by Kruskal-Wallis nonparametric test
[81]. Figure S4: Viability assay measurements using Cellavista high-
throughput imaging microscope. (A) Individual cell populations and
segmentation performed by Cellavista Roche viability kit algorithm. The
colors denote the different dyes used for measurement of total cell
count (blue, Hoescht 33342 - left image), viable cell count (green, calcein
AM - center) and dead cell count (red, ethidium homodimer - right).
Representative viability assay images of H146 (top panel) and H69
(bottom panel) - (B) No treatment, (C) Scrambled and (D) SYK siRNA. SYK
knock-down decreases cellular viability via increased death in both H69
and H146. Figure S5: Fyn KD has no effect on Fyn and Syk positive
SCLC cell lines. The SCLC cell lines H146 (A-C) and H69 (D-F) were
treated with Syk-specific and control siRNA as described in Materials and
Methods section. (A, D) The efficiency of Fyn siRNA inhibition was
measured by Western blotting on day 3 and 7 post transfection. Band
intensity (lower panels) was quantified by densitometry in ImageJ. (B, E)
Cell proliferation, measured by cell counts as described in Materials and
Methods section, shows that Fyn-siRNA treatment shows no growth
inhibition compared to untreated cells and to scrambled siRNA
treatment. Asterisks denote overall statistical significance of the slope as
compared to control across the siRNA conditions, as follows: <0.0005 ‘***’
0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’. The viability growth curves (from N = 4
experiments) statistics were generated from slopes of a linear regression
model. Multiple comparison of treatments were derived using ANOVA
and Tukey’s method [80]. (C and F) Percentage of dead cells (percent of
ethidium homodimer positive cells normalized to total cell counts, see
Materials and Methods) in Fyn siRNA treated cells at day 5, compared to
controls. Asterisks denote statistical significance measured by paired t-
test as compared to control across the siRNA conditions, as follows:
<0.0005 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’.
Additional file 2: Modules identified by WGCNA. This table shows the
13 modules (column modules) identified by WGCNA analysis. Columns
titled kME denote the module specific kME values for each gene
assigned by WGCNA. The kME denotes the intramodular connectivity of
a gene within a particular module. Gene significance or GS for each lung
tissue type is indicated in separate columns. Columns T-AD show fold
change and T-test statistic values for SCLC versus normal lung
comparisons.
Additional file 3: SCLC specific hub network signature (SSHN) gene
information. This table shows expression values for 287 SSHN genes
(identified by WGCNA analysis) across various datasets. RNAseq data
shows comparisons of differential expression of SCLC versus normal lung
and associated statistics such as p-value and false discovery rates (FDR).
Shotgun proteomic data denotes the comparison of rate ratios (obtained
from Shotgun data, see Materials and methods) of SCLC versus normal
bronchiolar epithelium and SCLC versus normal alveolar epithelium. Note
that a few hubs from the yellow and black module (high kMEyellow and
kMEblack respectively) with high GS.SCLC and T-test statistic were also
included in the SSHN. Shown in this table is only kMEblue. kMEblack and
kMEyellow are shown in Additional file 2.
Additional file 4: SCLC specific hub network signature (SSHN) gene
Gene ontology (GO) enrichment analysis. This table shows the
enriched GO biological processes and genes within the SSHN contained
within those categories. This enrichment analysis was performed using
Webgestalt [33] as described in Materials and Methods. For each GO
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biological process, the first row lists the process name, and
corresponding GO ID. The second row lists number of reference genes in
the category (C), number of genes in the gene set and also in the
category (O), expected number in the category (E), Ratio of enrichment
(R), p value from hypergeometric test (rawP), and p value adjusted by
the multiple test adjustment (adjP). Finally, genes in the pathway are
listed. For each gene, the table lists the Gene symbol, and description.
Additional file 5: SCLC specific hub network signature (SSHN) gene
KEGG pathway enrichment analysis. This table shows the enriched
Kyoto Encyclopedia of Genes and Genomes (KEGG) canonical pathways
and genes within the SSHN contained within those categories. This
enrichment analysis was performed using Webgestalt [33] as described in
Materials and Methods. For each KEGG pathway, the first row lists the
KEGG pathway name, and corresponding KEGG ID. The second row lists
number of reference genes in the category (C), number of genes in the
gene set and also in the category (O), expected number in the category
(E), Ratio of enrichment (R), p value from hypergeometric test (rawP), and
p value adjusted by the multiple test adjustment (adjP). Finally, genes in
the pathway are listed. For each gene, the table lists the Gene symbol,
and description.
Additional file 6: Kinase hubs of SSHN. This table shows expression
values for twenty kinase genes (identified by WGCNA analysis) enriched
in SSHN across various datasets. RNAseq data shows comparisons of
differential expression of SCLC versus normal lung and associated
statistics such as p-value and False discovery rates (FDR). Shotgun
proteomic data denotes the comparison of rate ratios (obtained from
Shotgun data, see Materials and methods) of SCLC versus normal
bronchiolar epithelium and SCLC versus normal alveolar epithelium.
Competing interests
The authors declare that they have no competing interests.
Authors’ contributions
AU conceived, designed the study, performed the experiments, analyzed
data and wrote the article. MDH, JEC and YZ performed experiments. ZT, ZL,
ML, HC, AS contributed to statistical input and data analysis for RNAseq,
shotgun proteomics and TMA. RE contributed to TMA distribution and
provided pathology scoring of the patient TMA staining. YS and DCL
contributed to valuable insight into the overall design of the study and data
analysis. JF contributed with clinical samples and discussions. VQ, LE and
PPM contributed to conception and design of the study and revising and
writing of the article. All authors read and approved the manuscript.
Acknowledgements
We thank Dr. Steve Horvath (UCLA), Dr. Darren Tyson and Shawn Garbett for
valuable input on statistical data analysis and visualization. We also thank the
Vanderbilt Epithelial Biology Center and Vanderbilt Translational Pathology
Shared Resource for imaging and staining of the patient TMA respectively,
and the Vanderbilt Genome Science Resources for generating the RNAseq
dataset.
AS: Grant 1UL1 RR029893 from the National Center for Research Resources
and 1 R01 LM011179-01A1 from the National Library of Medicine, National
Institutes of Health.
AU, VQ, LE: Grant 5 U54 CA113007-09 from the National Cancer Institute,
Integrative Cancer Biology Program (NCI ICBP).
PPM, AS: Grant 1I01CX000242 from the Department of Veterans Affairs and
CA90949 from the NCI SPORE program.
Declarations
The publication fees were covered by Grant 5 U54 CA113007-09 from the
National Cancer Institute, Integrative Cancer Biology Program (NCI ICBP),
awarded to Dr. Vito Quaranta
This article has been published as part of BMC Systems Biology Volume 7
Supplement 5, 2013: Selected articles from the International Conference on
Intelligent Biology and Medicine (ICIBM 2013): Systems Biology. The full
contents of the supplement are available online at http://www.
biomedcentral.com/bmcsystbiol/supplements/7/S5.
Authors’ details
1Department of Cancer Biology, Vanderbilt University, 2220 Pierce Avenue,
Nashville, TN 37232, USA. 2Department of Biochemistry, Vanderbilt University,
2220 Pierce Avenue, Nashville, TN 37232, USA. 3Department of Biostatistics,
Vanderbilt University, 2220 Pierce Avenue, Nashville, TN 37232, USA.
4Department of Pharmacology, Vanderbilt University, 2220 Pierce Avenue,
Nashville, TN 37232, USA. 5Department of Pathology, Vanderbilt University,
2220 Pierce Avenue, Nashville, TN 37232, USA. 6Divisions of Cancer
Biostatistics, Vanderbilt University, 2220 Pierce Avenue, Nashville, TN 37232,
USA. 7Allergy/Pulmonary & Critical Care Medicine, Vanderbilt University, 2220
Pierce Avenue, Nashville, TN 37232, USA. 8Center for Cancer Systems Biology,
Vanderbilt University, 2220 Pierce Avenue, Nashville, TN 37232, USA.
9Veterans Affairs, Tennessee Valley Healthcare System, Nashville Campus, TN
37232, USA. 10Center for Health Informatics and Bioinformatics, New York
University Langone Medical Center, New York, NY 10016, USA. 11Department
of Medicine, New York University School of Medicine, New York, NY 10016,
USA. 12Department of Molecular and Clinical Cancer Medicine, University of
Liverpool, Liverpool, Merseyside L69 3BX, UK.
Published: 9 December 2013
References
1. Rosti G, Bevilacqua G, Bidoli P, Portalone L, Santo A, Genestreti G: Small cell
lung cancer. Annals of Oncology 2006, 17:ii5-ii10.
2. Ettinger DS: Changing Face of Small-Cell Lung Cancer: Real and Artifact.
Journal of Clinical Oncology 2006, 24:4526-4527.
3. Sos ML, Dietlein F, Peifer M, Schöttle J, Balke-Want H, Müller C, Koker M,
Richters A, Heynck S, Malchers F, Heuckmann JM, Seidel D, Eyers PA,
Ullrich RT, Antonchick AP, Vintonyak VV, Schneider PM, Ninomiya T,
Waldmann H, Büttner R, Rauh D, Heukamp LC, Thomas RK: A framework
for identification of actionable cancer genome dependencies in small
cell lung cancer. Proceedings of the National Academy of Sciences 2012,
109:17034-17039.
4. Staaf J, Isaksson S, Karlsson A, Jönsson M, Johansson L, Jönsson P, Botling J,
Micke P, Baldetorp B, Planck M: Landscape of somatic allelic imbalances
and copy number alterations in human lung carcinoma. Int J Cancer
2012, 132:2020-2031.
5. Peifer M, Fernández-Cuesta L, Sos ML, George J, Seidel D, Kasper LH,
Plenker D, Leenders F, Sun R, Zander T, Menon R, Koker M, Dahmen I,
Müller C, Di Cerbo V, Schildhaus HU, Altmüller J, Baessmann I, Becker C, de
Wilde B, Vandesompele J, Böhm D, Ansén S, Gabler F, Wilkening I,
Heynck S, Heuckmann JM, Lu X, Carter SL, Cibulskis K, et al: Integrative
genome analyses identify key somatic driver mutations of small-cell
lung cancer. Nat Genet 2012, 44:1104-1110.
6. Horváth S, Zhang B, Carlson M, Lu KV, Zhu S, Felciano RM, Laurance MF,
Zhao W, Qi S, Chen Z, Lee Y, Scheck AC, Liau LM, Wu H, Geschwind DH,
Febbo PG, Kornblum HI, Cloughesy TF, Nelson SF, Mischel PS: Analysis of
oncogenic signaling networks in glioblastoma identifies ASPM as a
molecular target. Proc Natl Acad Sci USA 2006, 103:17402-17407.
7. Shi Z, Derow CK, Zhang B: Co-expression module analysis reveals biological
processes, genomic gain, and regulatory mechanisms associated with
breast cancer progression. BMC Systems Biology 2010, 4:74.
8. Winden KD, Oldham MC, Mirnics K, Ebert PJ, Swan CH, Levitt P,
Rubenstein JL, Horvath S, Geschwind DH: The organization of the
transcriptional network in specific neuronal classes. Molecular Systems
Biology 2009, 5:291.
9. Rohrbeck A, Neukirchen J, Rosskopf M, Pardillos GG, Geddert H, Schwalen A,
Gabbert HE, Haeseler von A, Pitschke G, Schott M, Kronenwett R, Haas R, Rohr U-
P: Gene expression profiling for molecular distinction and characterization of
laser captured primary lung cancers. J Transl Med 2008, 6:69.
10. Buchner M, Fuchs S, Prinz G, Pfeifer D, Bartholome K, Burger M, Chevalier N,
Vallat L, Timmer J, Gribben JG, Jumaa H, Veelken H, Dierks C, Zirlik K:
Spleen Tyrosine Kinase Is Overexpressed and Represents a Potential
Therapeutic Target in Chronic Lymphocytic Leukemia. Cancer Research
2009, 69:5424-5432.
11. Prinos P, Garneau D, Lucier JF, Gendron D, Couture S, Boivin M, Brosseau JP,
Lapointe E, Thibault P, Durand M, Tremblay K, Gervais-Bird J, Nwilati H,
Klinck R, Chabot B, Perreault JP, Wellinger RJ, Elela SA: Alternative splicing
of SYK regulates mitosis and cell survival. Nature Publishing Group 2011,
18:673-679.
Udyavar et al. BMC Systems Biology 2013, 7(Suppl 5):S1
http://www.biomedcentral.com/1752-0509/7/S5/S1
Page 14 of 16
12. Hahn CK, Berchuck JE, Ross KN, Kakoza RM, Clauser K, Schinzel AC, Ross L,
Galinsky I, Davis TN, Silver SJ, Root DE, Stone RM, DeAngelo DJ, Carroll M,
Hahn WC, Carr SA, Golub TR, Kung AL, Stegmaier K: Proteomic and
Genetic Approaches Identify Syk as an AML Target. Cancer Cell 2009,
16:281-294.
13. Woyach JA, Johnson AJ, Byrd JC: The B-cell receptor signaling pathway as
a therapeutic target in CLL. Blood 2012, 120:1175-1184.
14. Chen L, Monti S, Juszczynski P, Daley J, Chen W, Witzig TE, Habermann TM,
Kutok JL, Shipp MA: SYK-dependent tonic B-cell receptor signaling is a
rational treatment target in diffuse large B-cell lymphoma. Blood 2008,
111:2230-2237.
15. Mócsai A, Ruland J, Tybulewicz VLJ: The SYK tyrosine kinase: a crucial
player in diverse biological functions. Nature Publishing Group 2010,
10:387-402.
16. Reth M: Hydrogen peroxide as second messenger in lymphocyte
activation. Nature Immunology 2002, 3:1129-1134.
17. Takano T, Sada K, Yamamura H: Role of protein-tyrosine kinase syk in
oxidative stress signaling in B cells. Antioxidants & Redox Signaling 2002,
4:533-541.
18. Cheng S, Coffey G, Zhang XH, Shaknovich R, Song Z, Lu P, Pandey A,
Melnick AM, Sinha U, Wang YL: SYK inhibition and response prediction in
diffuse large B-cell lymphoma. Blood 2011, 118:6342-6352.
19. Friedberg JW, Sharman J, Sweetenham J, Johnston PB, Vose JM, LaCasce A,
Schaefer-Cutillo J, De Vos S, Sinha R, Leonard JP, Cripe LD, Gregory SA,
Sterba MP, Lowe AM, Levy R, Shipp MA: Inhibition of Syk with
fostamatinib disodium has significant clinical activity in non-Hodgkin
lymphoma and chronic lymphocytic leukemia. Blood 2010, 115:2578-2585.
20. Buttigieg J, Pan J, Yeger H, Cutz E: NOX2 (gp91phox) is a predominant O2
sensor in a human airway chemoreceptor cell line: biochemical,
molecular, and electrophysiological evidence. AJP: Lung Cellular and
Molecular Physiology 2012, 303:L598-L607.
21. Meyerson M, Franklin WA, Kelley MJ: Molecular classification and
molecular genetics of human lung cancers. Seminars in Oncology 2004,
31:4-19.
22. Levitt ML, Gazdar AF, Oie HK, Schuller H, Thacher SM: Cross-linked
envelope-related markers for squamous differentiation in human lung
cancer cell lines. Cancer Research 1990, 50:120-128.
23. Dakir EH, Feigenbaum L, Linnoila RI: Constitutive expression of human
keratin 14 gene in mouse lung induces premalignant lesions and
squamous differentiation. Carcinogenesis 2008, 29:2377-2384.
24. Arriola E, Cañadas I, Arumí M, Rojo F, Rovira A, Albanell J: Genetic changes
in small cell lung carcinoma. Clin Transl Oncol 2008, 10:189-197.
25. Hiroshima K, Iyoda A, Shida T, Shibuya K, Iizasa T, Kishi H, Tanizawa T,
Fujisawa T, Nakatani Y: Distinction of pulmonary large cell
neuroendocrine carcinoma from small cell lung carcinoma: a
morphological, immunohistochemical, and molecular analysis. Mod
Pathol 2006, 19:1358-1368.
26. Jeong H, Mason SP, Barabasi AL, Oltvai ZN: Lethality and centrality in
protein networks. Nature 2001, 411:41-42.
27. He X, Zhang J: Why Do Hubs Tend to Be Essential in Protein Networks?
PLoS Genet 2006, 2:e88.
28. Dutta B, Pusztai L, Qi Y, eacute FA, Lazar V, Bianchini G, Ueno N, Agarwal R,
Wang B, Shiang CY, Hortobagyi GN, Mills GB, Symmans WF, zsi GBA: A
network-based, integrative study to identify core biological pathways that
drive breast cancer clinical subtypes. British Journal of Cancer 2012, 1-10.
29. Langfelder P, Horvath S: WGCNA: an R package for weighted correlation
network analysis. BMC Bioinformatics 2008, 9:559.
30. Takeuchi T, Tomida S, Yatabe Y, Kosaka T, Osada H, Yanagisawa K,
Mitsudomi T, Takahashi T: Expression profile-defined classification of lung
adenocarcinoma shows close relationship with underlying major genetic
changes and clinicopathologic behaviors. Journal of Clinical Oncology
2006, 24:1679-1688.
31. Jones MH, Virtanen C, Honjoh D, Miyoshi T, Satoh Y, Okumura S,
Nakagawa K, Nomura H, Ishikawa Y: Two prognostically significant
subtypes of high-grade lung neuroendocrine tumours independent of
small-cell and large-cell neuroendocrine carcinomas identified by gene
expression profiles. Lancet 2004, 363:775-781.
32. Nicholson SA, Beasley MB, Brambilla E, Hasleton PS, Colby TV, Sheppard MN,
Falk R, Travis WD: Small Cell Lung Carcinoma (SCLC) - A Clinicopathologic
Study of 100 Cases With Surgical Specimens. The American Journal of
Surgical Pathology 2002, 26:1184-1197.
33. Zhang B, Kirov S, Snoddy J: WebGestalt: an integrated system for
exploring gene sets in various biological contexts. Nucleic Acids Research
2005, 33(Web Server):W741-8.
34. Riccaboni M, Bianchi I, Petrillo P: Spleen tyrosine kinases: biology,
therapeutic targets and drugs. Drug Discovery Today 2010, 15:517-530.
35. Saito YD, Jensen AR, Salgia R, Posadas EM: Fyn - A Novel Molecular Target
in Cancer. Cancer 2010, 116:1629-1637.
36. Lockwood WW, Chari R, Coe BP, Girard L, MacAulay C, Lam S, Gazdar AF,
Minna JD, Lam WL: DNA amplification is a ubiquitous mechanism of
oncogene activation in lung and other cancers. Oncogene 2008,
27:4615-4624.
37. Sada K, Takano T, Yanagi S, Yamamura H: Structure and function of Syk
protein-tyrosine kinase. Journal of Biochemistry 2001, 130:177-186.
38. Khatri P, Sirota M, Butte AJ: Ten years of pathway analysis: current
approaches and outstanding challenges. PLoS Comput Biol 2012, 8:
e1002375.
39. Subramanian J, Simon R: Gene Expression-Based Prognostic Signatures in
Lung Cancer: Ready for Clinical Use? JNCI Journal of the National Cancer
Institute 2010, 102:464-474.
40. Renshaw AA, Voytek TM, Haja J, Wilbur DC, Cytology Committee, College of
American Pathologists: Distinguishing small cell carcinoma from non-
small cell carcinoma of the lung: correlating cytologic features and
performance in the College of American Pathologists Non-Gynecologic
Cytology Program. 2005, 129:619-623.
41. Rekhtman N: Neuroendocrine Tumors of the Lung: An Update. Arch
Pathol Lab Med 2010, 134:1628-1638.
42. Ban K, Gao Y, Amin HM, Howard A, Miller C, Lin Q, Leng X, Munsell M, Bar-
Eli M, Arlinghaus RB, Chandra J: BCR-ABL1 mediates up-regulation of Fyn
in chronic myelogenous leukemia. Blood 2008, 111:2904-2908.
43. Zhang J, Benavente CA, McEvoy J, Flores-Otero J, Ding L, Chen X,
Ulyanov A, Wu G, Wilson M, Wang J, Brennan R, Rusch M, Manning AL,
Ma J, Easton J, Shurtleff S, Mullighan C, Pounds S, Mukatira S, Gupta P,
Neale G, Zhao D, Lu C, Fulton RS, Fulton LL, Hong X, Dooling DJ, Ochoa K,
Naeve C, Dyson NJ, et al.: A novel retinoblastoma therapy from genomic
and epigenetic analyses. Nature 2012, 481:329-334.
44. Lu KV, Zhu S, Cvrljevic A, Huang TT, Sarkaria S, Ahkavan D, Dang J,
Dinca EB, Plaisier SB, Oderberg I, Lee Y, Chen Z, Caldwell JS, Xie Y, Loo JA,
Seligson D, Chakravari A, Lee FY, Weinmann R, Cloughesy TF, Nelson SF,
Bergers G, Graeber T, Furnari FB, James CD, Cavenee WK, Johns TG,
Mischel PS: Fyn and Src Are Effectors of Oncogenic Epidermal Growth
Factor Receptor Signaling in Glioblastoma Patients. Cancer Research 2009,
69:6889-6898.
45. Posadas EM, Al-Ahmadie H, Robinson VL, Jagadeeswaran R, Otto K,
Kasza KE, Tretiakov M, Siddiqui J, Pienta KJ, Stadler WM, Rinker-Schaeffer C,
Salgia R: FYNis overexpressed in human prostate cancer. BJU International
2009, 103:171-177.
46. Cai H, Smith DA, Memarzadeh S, Lowell CA, Cooper JA, Witte ON:
Differential transformation capacity of Src family kinases during the
initiation of prostate cancer. Proceedings of the National Academy of
Sciences 2011, 108:6579-6584.
47. SADA K, MINAMI Y, YAMAMURA H: Relocation of Syk Protein-Tyrosine
Kinase to the Actin Filament Network and Subsequent Association with
Fak. Eur J Biochem 1997, 248:827-833.
48. Parsons SJ, Parsons JT: Src family kinases, key regulators of signal
transduction. Oncogene 2004, 23:7906-7909.
49. Ocak S, Yamashita H, Udyavar AR, Miller AN, Gonzalez AL, Zou Y, Jiang A,
Yi Y, Shyr Y, Estrada L, Quaranta V, Massion PP: DNA copy number
aberrations in small-cell lung cancer reveal activation of the focal
adhesion pathway. Oncogene 2010, 29:6331-6342.
50. Ocak S, Chen H, Callison C, Gonzalez AL, Massion PP: Expression of focal
adhesion kinase in small-cell lung carcinoma. Cancer 2011, 118:1293-1301.
51. Cheng AM, Rowley B, Pao W, Hayday A, Bolen JB, Pawson T: Syk tyrosine
kinase required for mouse viability and B-cell development. Nature 1995,
378:303-306.
52. Coopman PJ, Do MT, Barth M, Bowden ET, Hayes AJ, Basyuk E, Blancato JK,
Vezza PR, McLeskey SW, Mangeat PH, Mueller SC: The Syk tyrosine kinase
suppresses malignant growth of human breast cancer cells. Nature 2000,
406:742-747.
53. Coopman PJ, Mueller SC: The Syk tyrosine kinase: A new negative
regulator in tumor growth and progression. Cancer Letters 2006,
241:159-173.
Udyavar et al. BMC Systems Biology 2013, 7(Suppl 5):S1
http://www.biomedcentral.com/1752-0509/7/S5/S1
Page 15 of 16
54. Barretina J, Caponigro G, Stransky N, Venkatesan K, Margolin AA, Kim S,
Wilson CJ, Lehár J, Kryukov GV, Sonkin D, Reddy A, Liu M, Murray L,
Berger MF, Monahan JE, Morais P, Meltzer J, Korejwa A, Jané-Valbuena J,
Mapa FA, Thibault J, Bric-Furlong E, Raman P, Shipway A, Engels IH,
Cheng J, Yu GK, Yu J, Aspesi P, de Silva M, et al: The Cancer Cell Line
Encyclopedia enables predictive modelling of anticancer drug sensitivity.
Nature 2013, 483:603-307.
55. Garnett MJ, Garnett MJ, Edelman EJ, Edelman EJ, Heidorn SJ, Heidorn SJ,
Greenman CD, Greenman CD, Dastur A, Dastur A, Lau KW, Lau KW,
Greninger P, Greninger P, Thompson IR, Thompson IR, Luo X, Luo X,
Soares J, Soares J, Liu Q, Liu Q, Iorio F, Iorio F, Surdez D, Surdez D, Chen L,
Chen L, Milano RJ, Milano RJ, et al: Systematic identification of genomic
markers of drug sensitivity in cancer cells. Nature 2012, 483:570-575.
56. Sutherland KD, Proost N, Brouns I, Adriaensen D, Song J-Y, Berns A: Cell of
origin of small cell lung cancer: inactivation of Trp53 and Rb1 in distinct
cell types of adult mouse lung. Cancer Cell 2011, 19:754-764.
57. Daniel VC, Marchionni L, Hierman JS, Rhodes JT, Devereux WL, Rudin CM,
Yung R, Parmigiani G, Dorsch M, Peacock CD, Watkins DN: A primary
xenograft model of small-cell lung cancer reveals irreversible changes in
gene expression imposed by culture in vitro. Cancer Research 2009,
69:3364-3373.
58. Kuno Y: Constitutive kinase activation of the TEL-Syk fusion gene in
myelodysplastic syndrome with t(9;12)(q22;p12). Blood 2001,
97:1050-1055.
59. Rigby S, Huang Y, Streubel B, Chott A, Du MQ, Turner SD, Bacon CM: The
Lymphoma-associated Fusion Tyrosine Kinase ITK-SYK Requires
Pleckstrin Homology Domain-mediated Membrane Localization for
Activation and Cellular Transformation. Journal of Biological Chemistry
2009, 284:26871-26881.
60. Yuan Y, Mendez R, Sahin A, Le Dai J: Hypermethylation Leads to Silencing
of the SYK Gene in Human Breast Cancer. Cancer Research 2001,
61:5558-5561.
61. Byers LA, Wang J, Nilsson MB, Fujimoto J, Saintigny P, Yordy J, Giri U,
Peyton M, Fan YH, Diao L, Masrorpour F, Shen L, Liu W, Duchemann B,
Tumula P, Bhardwaj V, Welsh J, Weber S, Glisson BS, Kalhor N, Wistuba II,
Girard L, Lippman SM, Mills GB, Coombes KR, Weinstein JN, Minna JD,
Heymach JV: Proteomic profiling identifies dysregulated pathways in
small cell lung cancer and novel therapeutic targets including PARP1.
Cancer Discovery 2012, 2:798-811.
62. Hirsch F, Varella-Garcia M, Cappuzzo F, McCoy J, Bemis L, Xavier A,
Dziadziuszko R, Gumerlock P, Chansky K, West H, Gazdar A, Crino L,
Gandara D, Franklin W, Bunn P: Combination of EGFR gene copy number
and protein expression predicts outcome for advanced non-small-cell
lung cancer patients treated with gefitinib. Annals of Oncology 2006,
18:752-760.
63. Hirsch FR: Epidermal Growth Factor Receptor in Non-Small-Cell Lung
Carcinomas: Correlation Between Gene Copy Number and Protein
Expression and Impact on Prognosis. Journal of Clinical Oncology 2003,
21:3798-3807.
64. Barrett T, Troup DB, Wilhite SE, Ledoux P, Evangelista C, Kim IF,
Tomashevsky M, Marshall KA, Phillippy KH, Sherman PM, Muertter RN,
Holko M, Ayanbule O, Yefanov A, Soboleva A: NCBI GEO: archive for
functional genomics data sets–10 years on. Nucleic Acids Research 2010,
39(Database):D1005-D1010.
65. Gautier L, Cope L, Bolstad BM, Irizarry RA: affy–analysis of Affymetrix
GeneChip data at the probe level. Bioinformatics 2004, 20:307-315.
66. Team RC: R: a Language and Environment for Statistical Computing Vienna,
Austria; 2012.
67. Chu L, Eric S, Kondo T: GeneSpring: Tools for Analyzing Microarray
Expression Data. Genome Informatics 2001, 12:227-229.
68. Miller JA, Cai C, Langfelder P, Geschwind DH, Kurian SM, Salomon DR,
Horvath S: Strategies for aggregating gene expression data: The
collapseRows R function. BMC Bioinformatics 2011, 12:322.
69. Suzuki R, Shimodaira H: Pvclust: an R package for assessing the
uncertainty in hierarchical clustering. Bioinformatics 2006, 22:1540-1542.
70. Warnes GR, Bolker Ben, Bonebakker L, Gentleman R, Liaw WHA, Lumley T,
Maechler M, Magnusson A, Moeller S, Schwartz M, Venables B: Gplots:
Various R Programming Tools for Plotting Data 2012.
71. Statnikov A, Tsamardinos I, Dosbayev Y, Aliferis CF: GEMS: a system for
automated cancer diagnosis and biomarker discovery from microarray
gene expression data. Int J Med Inform 2005, 74:491-503.
72. Benjamini Y, Y H: Controlling the false discovery rate- a practical and
powerful approach to multiple testing. J R Statist Soc Series B
(Methodological) 1995, 57:289-300.
73. Sprung RW, Brock JWC, Tanksley JP, Li M, Washington MK, Slebos RJC,
Liebler DC: Equivalence of protein inventories obtained from formalin-
fixed paraffin-embedded and frozen tissue in multidimensional liquid
chromatography-tandem mass spectrometry shotgun proteomic
analysis. Mol Cell Proteomics 2009, 8:1988-1998.
74. Slebos RJC, Brock JWC, Winters NF, Stuart SR, Martinez MA, Li M,
Chambers MC, Zimmerman LJ, Ham AJ, Tabb DL, Liebler DC: Evaluation of
strong cation exchange versus isoelectric focusing of peptides for
multidimensional liquid chromatography-tandem mass spectrometry.
J Proteome Res 2008, 7:5286-5294.
75. Ma ZQ, Dasari S, Chambers MC, Litton MD, Sobecki SM, Zimmerman LJ,
Halvey PJ, Schilling B, Drake PM, Gibson BW, Tabb DL: IDPicker 2.0:
Improved protein assembly with high discrimination peptide
identification filtering. J Proteome Res 2009, 8:3872-3881.
76. Ma ZQ, Tabb DL, Burden J, Chambers MC, Cox MB, Cantrell MJ, Ham AJL,
Litton MD, Oreto MR, Schultz WC, Sobecki SM, Tsui TY, Wernke GR,
Liebler DC: Supporting tool suite for production proteomics.
Bioinformatics 2011, 27:3214-3215.
77. Tabb DL, Fernando CG, Chambers MC: MyriMatch: highly accurate tandem
mass spectral peptide identification by multivariate hypergeometric
analysis. J Proteome Res 2007, 6:654-661.
78. Li M, Gray W, Zhang H, Chung CH, Billheimer D, Yarbrough WG, Liebler DC,
Shyr Y, Slebos RJC: Comparative Shotgun Proteomics Using Spectral
Count Data and Quasi-Likelihood Modeling. J Proteome Res 2010,
9:4295-4305.
79. Kutner MH: Applied Linear Statistical Models McGraw-Hill Education; 2005.
80. Kuehl RO: Design of Experiments Duxbury Press; 2000.
81. Kruskal WH, Wallis WA: Use of Ranks in One-Criterion Variance Analysis.
Journal of the American Statistical Association 1952, 47:583-621.
doi:10.1186/1752-0509-7-S5-S1
Cite this article as: Udyavar et al.: Co-expression network analysis
identifies Spleen Tyrosine Kinase (SYK) as a candidate oncogenic driver
in a subset of small-cell lung cancer. BMC Systems Biology 2013
7(Suppl 5):S1.
Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color figure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
Udyavar et al. BMC Systems Biology 2013, 7(Suppl 5):S1
http://www.biomedcentral.com/1752-0509/7/S5/S1
Page 16 of 16
